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Abstract

We consider favorite (i.e., most visited) sites of the symmetric persistent random
walk on Z, a discrete-time process typified by the correlation of its directional history.
We show that the cardinality of the set of favorite sites is eventually at most three.
This is a generalization of a result by To6th for a simple random walk, used to partially
prove a longstanding conjecture by Erdés and Révész. The original conjecture assert-
ing that for the simple random walk on integers the cardinality of the set of favorite
sites is eventually at most two was recently disproved by Ding and Shen.

Keywords: favorite sites, most visited sites, local time, correlated random walks, dis-
crete Ray-Knight theorems.
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1 Introduction

Let X € [%, 1). Let {X}52, be a discrete-time Markov chain on the state space {—1,1}.

X is either 1 or -1 with equal probability, and for each s > 1, the Markov chain has the
transition probabilities for values ¢ € {—1,1}

P(X,=c|X,1 =c) = A,

P(X,=—c| X,y =c¢)=1-\ (1)

Define the symmetric nearest-neighbor persistent random walk {S;}$°, by
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with the convention Sy = 0 w.p.1. Intuitively, .S; is similar to a simple symmetric random
walk on Z, except the direction of the motion of S; has a bias towards the same direction its
previous step. As a matter of fact, if A = % is permitted, then the persistent random walk
can be seen as a generalization of the simple random walk.

The earliest works on the persistent random walk come from [13, 29], who each intro-
duced the model as a way of describing certain physical phenomena, and from [15, 18] in
mathematical literature (see also [7, 3, 16, 22, 24] and references therein). The persistent
random walk and other related processes have seen applications in other fields of physics,
economics and biology, such as random collision models [26], ballistic diffusion [33], quantum
random walks [20, 31}, investment portfolio optimization [3], and the movement of animals
[6], among others. Overviews of applications can be found in [8, 33]. A random environment
version of the model has been discussed in [2, 26].

We begin this study on the persistent random walk with defining relevant notation. We
define the local time of a site x € Z at time t > 0 as the number of visits x receives from the
walk up to time ¢:

L(z,t) =#{0<s<t:S;=ux}.

For every time ¢, we also define the set of favorite sites, that is, the sites of Z that have
been visited by the random walk the most by time t:

K(t):={y€Z: L(y,t) = max L(z,t)}.

ZEZL

Since the range of S; is finite at any given point in time, #/(t) < oo w.p.1 for any ¢.
Note that there are only two ways in which () could change from K(¢ — 1): either the
local time of a site outside of K(f — 1) becomes a maximum local time at time ¢, in which
#IC(t) = #K(t — 1) + 1, or one of the sites in (¢ — 1) receives one more visit at time ¢, in
which #/(t) = 1.

Finally, we define the random variable f(r) to be the number of times #/(t) becomes
r e N:

fr)y=#{t>1:5 € K(t),#K(t) =r}. (2)

In the simple walk case (A = 1), it was shown that f(1) = f(2) = oo w.p.1 in [10]
and [5]. In [10], [11] and [12], Erdés and Révész conjectured that f(r) was finite w.p.1 for
r > 3 (see [27] for a an overview). The conjecture was partially proven in [30], in which it
was shown that f(4) was finite w.p.1, hence f(r) for r > 5 as well. Our main result in this
chapter reveals that the set of favorite sites for the persistent random walk behaves similarly,
regardless of the amount of local directional bias.

Theorem 1.1 (Main Theorem). For any choice of X € (3,1),
E(f(4)) < oc.

In particular, f(4) < oo w.p.1.

This theorem extends the result found for the simple random walk in [30]. It’s somewhat
surprising of a result for the persistent case; for A close to 1 the persistent walk will cover the



same large intervals of integers with the same number of visits. One would presume that the
intervals of favorite sites will stay large, but the theorem shows that over time, the number
of favorite sites will eventually be bounded above by 3.

It was recently shown in [9] that for the simple random walk on integers, f(3) = co w.p.1.
Together with the result of Téth [30] this establishes the phase transition in the behavior
of f(n) for the simple random walk. It is plausible that a similar phase transition happens
for a general class of random motions on Z. The present paper discusses an example of the
process that turns out to be amenable to an adaptation of the approach of Téth [30]. We
believe that f(3) = oo w.p.1. for the persistent random walk as well, but leave this as a
direction for future work (see the discussion in Section 7).

Our method of proof will follow closely to that of [30], as the framework of sojourn
times provides naturally closed formulations in the extension into the directionally-dependent
persistent processes. As such, much of the notation and the key lemmas will appear similar
to as they did in [30], albeit under a new random process. However, the extension will not be
trivial, as the simple walk case in [30] provided simplifications in the essential formulations
that are absent in the persistent case. Our proof for the persistent random walk will utilize
some deep results into the studies of probability theory, mathematical statistics, asymptotic
analysis and the theory of hypergeometric functions. We hope that the work for this proof
will pave the way for the study in the number of favorite sites for other processes outside of
the realm of simple random walks.

2 Definitions

Before we begin to prove the theorem, we first need to establish the preliminary definitions
and observations. First, we define the upcrossings and downcrossings, respectively, of a site
x:
U(z,t) = #{0<s<t:Sy=u2,5_1=a—1},
D(xz,t) = #{0<s<t:S;=x,5_1=x+1}.
A couple of things to note here: U(z,t) and D(z,t) can be seen as a partition of the total
local time L(z,t), in that L(z,t) = U(z,t) + D(z,t). Also, U(x,t) and D(x,t) are related
to each other given the relative position of S; in the following way:
U(l’7 t) - D(l’ - 17 t) - ]]-{0<x§5t} - ]]-{St<x§0}7 (3)
D(QJ,t) — U(.T + 1,t) = _1{0<$§St} + 1{5t<$§0}' (4)
Using (3) and (4), we can rewrite the local time all in terms of either upcrossings or
downcrossings:
L(.ﬁ(],t) = D(Jf,t) + D(SL’ - 17 t) + 1{0<I§St} - H{St<x§0} (5)
= U(ZL’, t) + U(l‘ + 17 t) - ]1{0<£E§St} + :[I‘{St<$§0}' (6)
Next, we define the following stopping times for the upcrossings and downcrossings above:
for any x € Z and k > 0,
TY, =inf{t > 1:U(x,t) = k},

TP, ==inf{t > 1: D(z,t) = k}.
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We can use these stopping times to help partition f(4) into infinite random variables
based on the location and visiting direction of the new favorite sites in the following way:

uz(4) = Zﬂ{Atzl,xeKt,#lC(t):4}
t=1

= Z ﬂ{xeK(T;{k),#lc(T;{k):4}-
1

B
Il

o

dx(4) = Zﬂ{m:fl,zem,#iﬂt)ﬂ}’
t=1

= Zﬂ{xeK(Tfk),#K(Tfk)=4}'
k=1

From here, we can see that

FA) =" (ua(4) + dy(4))

€L

Note that, due to the symmetry of our persistent random walk model (in the sense that
for any v € Z and t > 0, P(S; = z|S) = 0) = P(S; = —z|Sy = 0)), u,(4) is equal in
distribution to d_,(4) for any x € Z. Hence, for the expectation of f(4), we only need to
concern ourselves with the nonnegative sites:

E(f(4) =2)  E(u,(4)) +2)  E(d.(4)). (7)

We can prove F(f(4)) is finite by showing the series on the right-hand side of (7) are
both finite. For the rest of this work, we will set out to prove the following:

D Bul(4) =) Pz e K(T), #K(T,) = 4) < 0. (8)

z=1 k=1

The proof that Y7 E(d;(4)) < oo is a similar exercise left to the reader.

3 Ray-Knight Representation

Now we introduce the offspring distribution for a sequence of critical branching processes
which will be vital in the theorem’s proof. For every ¢ > —1 and ¢ > 1, consider the random
variable (;; with distribution

. 1—A if =0
P(Ct,i:]) :{ )\2(1_)\)ij if; > 1. (9)



A note about this distribution is that its expectation is 1 and its variance is 2%, as the
computation of a couple of geometric series reveals.

For any given positive site x > 1, this random variable will represent the number of times
a persistent particle will move from x + 1 to x until eventually returning to  — 1. When the
particle first moves rightward onto z, it has a 1 — A probability of going against its rightward
bias and moving leftward to x — 1. If the particle goes right instead, the particle will take
an excursion before returning to x again, which includes a downcrossing from z + 1. This
time, the particle has a 1 — X\ probability of moving right and starting another excursion, or
a A probability of moving left and ending the “trials”.

Whenever a particle visits x from the left again after arriving at  — 1, the memory of
the Markov chain that dictate the particle’s transition probabilities does not include any of
its previous excursions to the right of x. Thus, every trial of (z + 1)-to-x downcrossings
for each x-to-(x — 1) downcrossing will be independent and identically distributed with each
other. So the number of downcrossings between two adjacent sites will be a Markov chain
dependent on the number of downcrossings between the next lower pair of sites.

For each ¢ > 0 and 7 > 1, we will make i.i.d. copies of (;;, call them ¢, and ¢;;. The
motivation for these new random variables are slightly different from that of ¢;;, but they
will be used for similar representations. Fix kK > 0 and x > 1.

First, we will define a Galton-Watson process Y; with {¢;;}72 ;,-, as the offspring it
produces each generation. Define the initial state Y_; = k and, for each —1 <t < oo, let
Yig1 = Eil Ce+14- Yr is then a Markov chain with transition probabilities (7, j), given by

(i, j) = P (Yia = j¥: = 1)

{50’]‘, ' 1=0 (]_0)
- 2 g . i— i P _ 2k .
(25) 0=V Sidey, D) ()", =1

where (a); := max{a,0}. Note that the right-hand side of (10) is the calculated i-fold
convolution of (9). As a note of interest, setting A = $ in (10) will reduce the right-hand side
to the equivalent transition probabilities seen in [23] and [19], due to the Chu-Vandermonde
identity (see [25]).

Next, define a Galton-Watson process Z; with {¢;;}72 ,,_, offspring and one intruder
particle entering each generation. Let Zy = k be the initial state and, for each 0 <t < x—1,
let Zyq =S 24 (i1 Then Z; is also a Markov chain with transition probabilities p(i, j)
given by

p(i, j) == P(Zi1 = j|Zs = 1)

() e £ (D)@

k=(i+1-3) 4

Before defining the final process in this set, we first need to define a new random variable
n with distribution

ifj=0
AL = AL ifj>1

e,
—~
3

I
<
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N[ =00 | =
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This variable describes the number of downcrossings from 0 to -1 until a first visit to 1.
This will be used to define the third Galton-Watson process Y/, with initial state Yj = Z,_1,
Y/ i=n-di5,=—1) + 22;0/1 14 and Y/, = Zﬁl (i1, for each 1 <t < oo. We exclude the
calculation of the transition probabilities of Y/, as they are not needed for this proof.

With these three processes defined, we are now ready to build our Ray-Knight type
representation of the local times of S;. For each y € Z, define A, ;(y) by

Yo if r—1<y<oo
Npp(y) =8 Zy—yq if 0<y<a—-1
p :
Y:, it —oco<y<o0
By this construction, we arrive at the Ray-Knight type representation for the downcross-
ings of the persistent walk:

(Aac,k(y>7y € Z) 2 (D(Tg,kJrl: y)vy € Z) ) (12)

in which 2 means equal in distribution. Plainly speaking, A, ;(y) represents the random
number of downcrossings into site y before the (k + 1) upcrossing to x for any y € Z.
Now define the following random variable for each y € Z:

Aa},k(y) = Ax,k<y> + Ax,k’(y - 1) + ]]-{0<y§m}- (13)

A, 1 (y) serves as the local time of y stopped at T‘,EUJ€+17 based on (5). Hence, using (5) and
(13), we get the following Ray-Knight representation:

(Auk(),y € Z) 2 (LT 41, y)y € L)

The following is a list of random variables and events that we will use for the more
technical aspects of the main theorem’s proof:

Yo=Y +Y, Zi=Z+Z+1, Y =Y/ +Y.,

op = inf{t>0:Y;, > h}
w = inf{t >0:Y;, =0}
o, = mf{t>0:Y/>h}
W= inf{t>0:Y/ =0}
T, = inf{t >0:7, > h}
ano =0, Ohyiv1 = nf{t > oy, : Y; > h},
Op = Oha
Oho =0, Opiyr = inf{t >} ;: }N/t' > h},
Gh 1= 0hy
Tho =0, Thi1 = inf{t > 7, : 7, > h},
Th 1= Th1



1<t<oco

Ay, = {maxigh,#{1§t<oo:§7t:h}:p}

= {Onp <00 =0npt1, Y5,, =hfori=1,--- p}

Ay = {lfgax i’éh,#{1§t<oo:}~ft’:h}:p}
’ <t<oo
= {5;1,;; < 00 :5;1,p+17 }75’;” —hfori=1,---,p}
Bopp = {fgtaXZtSh>#{1§t<9€3z=h}:p}
St<z

= {Thp <& < Thpy1, Zz,, =hfori=1,--- p}

Plainly speaking, &y, 0, ; and 7,,; are the " hitting times of the interval [h, co) by their
respective processes, and w and w’ are the extinction times of their respective processes.
Furthermore, Ay, A}, and B, are the events that the respective processes hit exactly p
times its maximum level h either before extinction or, in B, ,’s case, before time z.

With these events defined and the Ray-Knight representation established, we arrive at
the following expression for E(u,(4)) for any z:

o0

E(u(4) = > > 3 Y PAlYo=h—k-1)

p+q+r=3 h=1 k=0 ¢=0
x w(k,h—k—1)
X P(Bypg» Zo1 = €| Zy = k)
x P(4, |V = 0),

which then leads to an upper bound for the left-hand side of (8):

Y Eu,(4)< > Y Y P(AnlYo=h—k-1)

pq+r=3 h=1 k=0

X m(k,h —k—1)

X (Z P(BypglZo = k)>

« (sup P 15 = 0))

>0

(14)

We now introduce bounds to the values in the right-hand side of (14). The first set of
bounds comes in the form of a proposition, which shall be proven in the next section:

Proposition 3.1. For any € > 0 there exists a finite constant C' < oo such that for any
h>1andk>0:



1. For anyp >0,
> P(BonplZo=k) < Ch (15)
r=1

2. If either k € [(h — h'/?*7€) /2, h + hY/?+€) /2] or p > 1 holds, then
P(AnglYo = k) < (Ch™/2Fe)ret (16)

> P(BunyplZo=k) < (Ch7'/2eptip (17)
=1

Next is a lemma on the sum of some extreme values of 7(i, 7). The proof of this lemma
will be postponed until Section 6. For organizational purposes, we will begin an alphabetical
ordering of the lemmas which will be proven in Section 6, starting with the following lemma.

Lemma A. For any € > 0, there exist constants C,v > 0 such that, for any h > 1,

> w(k,h—1—k) < Cexp(—yh™).

k:|h—2k|>h1/2+e

Using Proposition 3.1 and Lemma A, we can bound the terms of the right-hand side of
(14) for each fixed h. To show this, first fix h, p, ¢, r and € € (0, lio), then decompose the
right-hand side of (14) into two series, one for values of k such that |h — 2k| < h'/?*¢ and
the other for |h — 2k| > h'/?*¢. The bounds of each of these sums will be represented in the
following lines as a left term of a sum and a right term, respectively.

For the case in which r = 0, we have through Proposition 3.1 and Lemma A

(Ch™H a2 h + (Ch)(C exp(—7h™))

NE

S B, (4)) <

>
Il
—

O/h—3/2+5€ < 00

NE

>
Il
—

for a large enough C" < co. If r > 0, we have

(Ch=Y2reyptatrt3p 4 (Ch)(C exp(—yh*))

M8

S B, (4)) <

>
Il
—

Clh—2+66 < 00

Nk

>
Il

1

for another large C’ < oo. This shows (8), which then completes the proof of Theorem 1.1.

4 Proof of Proposition 3.1

To prove Proposition 3.1, we rely primarily on four main lemmas, whose proofs will be
reserved for Section 6 along with the proof of Lemma A. We shall continue the alphabetical
labeling of the lemmas. For all of the lemmas, fix € > 0.
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The first lemma shows that the jumps of the Markov chains Y; and Z; is unlikely to be
greater than h'/?*¢ until the Markov chains reach h.

Lemma B. Define the maximal jumps of Y; and Z;:

M, = sup{|Y;—Yi1|: 1<t <o, Aw},
Ny = sup{|Z; — Z;_1| : 1 <t <7}

There exist two constants, C' < oo and v > 0, such that for any h > 1 and k > 0, we have
P(My, > h'2Yy = k) < Cexp(—yh™),
P(N, > bV Zy = k) < Cexp(—vh®).

The next lemma are bounds on the probabilities that Y; and Z, enter the interval [h, 00)
at exactly h.

Lemma C. There exists a constant C' < oo such that for any h > 1 and k > 0, we have
P(a:h < OO,}A//;h = h|)/0 — k) < Ch—l/Q-l—e
P(Ze, =Wl Zo=k) < Chi/2e

Next is a bound on the probability that Y, does not enter [h, 00) before extinction, given
that Yp is close to h/2.

_pl/2+4e h+h1/2+e
2

Lemma D. There exists a constant C' < oo such that for anyh > 1 and k € |2 TS ,

P(5), = oco|Yy = k) < Ch™Y/?*e,
Finally, we give upper bounds to the expectation of the hitting times 77,.
Lemma E. There exists a constant C' < oo such that for any h > 1 the following holds:

1. For any k,

h*h1/2+é h+h1/2+e
2. Fork e [ I ,

E(T|Zy = k) < ChY/*Fe,

Proof of Proposition 3.1. Using the strong Markov property of Y; and Z;, we arrive at the
following recurrence relations for p > 1:

o0

P(AnpYo =k) => P(6), < 00,Ys,_1 = h— .Yz, = (|Yg = k) x P(A,1[Yy = 0),
, ~ . (18)
> P(BunplZo=1k)=Y P(Zz_=h—{,Zz = |Zy = k) X <Z P(Bypp-1|Zo = E)) .
=1 /=0 =1



Note that . -
> P(BunolZo=k) =Y _P(F > x|Zy = k) = E(7ulZo = k),

= =1
so we have the first part of the proposition when p = 0 by Lemma E.
Now consider the case p = 1. We divide the right-hand sides of (18) into two disjoint

h_h1/2+e h+h1/2+5
2 ’ 2

and D, we have for the first sum of the first series

sums: one such that ¢ € } and for all other values of /. From Lemmas C

Y P(Gh < 00,Ys, 1 = h—L,Yz, =Yy = k)x P(Ayo|Yo = £) < (Ch™'/2+) (Ch™/7*) |

£:|h—20|<hl/2+e

Also, from Lemma B, we have for the second sum
Y PG <00, Y51 =h— (Y5, =Yy =k) x P(A0|Yy =)
£:|h—20|>h1/2+e
< P(M;, > hM?*)Yy = k) < Cexp(—vyh*)

As for the other relation, we obtain similar results using Lemmas B, C and E:

o0

> P(Zs=h—l,Zz = l|Zy = k)x (ZP BonolZo = E)) < (Ch™Y/2+) (Ch Y2+ |

£:|h—26|<h1/2+e

o

> P(Zsa=h—(,Zs =2y =k) x (ZP who\zo_e))

£:|h—20|>h1/2+e

< P(Ny, > hY**| 2y = k) (supzp mh0|Zo—€)>

>0
< (Cexp(—=7h*))(Ch).

These inequalities yield the second part of the proposition for p = 1. The cases of p = 2,3
follow directly from the p = 1 case and from the recurrence relations in (18).
m

5 Preliminary Results on 7(i, j) and p(i, j)

Before we prove the lemmas introduced in Sections 3 and 4, we first need to establish some
preliminary facts about the transition kernels 7r(z' j) and p(i, 7) introduced in (10) and (11)
respectively. For the simple random walk (A = 1), [19] and [23] showed that the variables
Y, and Z, followed a negative binomial dlstrlbutlon which was used to great effect in [30].
While the distributions of Y; and Z,; in the persistent case are related to negative binomial
distributions, there are enough differences to warrant a more meticulous kind of analysis.

The majority of the effort shown in this section will focus more on 7(i,j), as a proof
of a result for (i, j) will closely resemble that for p(i,7) with minor differences. However,
analogous results of both kernels will be seen.

10



5.1 Expectation and variance

Observation 5.1. For eachi >0 andt > 1,

1—A

E(Y|Yii=i) =i, Var(Yj|Vi_, =i)=2— 24 (19)

E(Zt|Zt_1 = Z) = Z + 1, Var(Zt|Zt_1 = Z) = 2

(i+1) (20)

This is a trivial result, since both random variables are sums of i i.i.d. copies of the same
variable (;; with distribution given in (9). Still, we will make use of these calculations in the
next section.

5.2 Log-concavity

Here we explain the concept of logarithmic-concavity for sequences, which will be used to
justify the unimodality of the distributions (i, ) and p(i, -).

Definition 5.2. A nonnegative sequence {ay}2, is log-concave if, for every k > 1,

2
ay, 2 Ag—10k41-

If {ar}2, is a positive sequence, then this is equivalent to the sequence of ratios {a’;:l 10
being nonincreasing.

For more information on the concept of log-concave sequences, we refer to [4], [28] and
[32]. For now, we present this fact:

Theorem 5.3 (Corollary 3.3 in [32]). The convolution of two log-concave sequences is also
log-concave.

Given the distribution in (9), it is a straightforward exercise to show that {7 (1,j)}32,
and {p(1,7)}52, are both log-concave sequences. Thus, since {(i,7)} is a convolution of
{m(i = 1,75)} and {n(1,7)} for each ¢« > 1, {n(4,4)} is log-concave for any i > 1 by math-
ematical induction. Similarly, {p(,7)} is log-concave as well. The log-concavity feature of
these transition kernels ensures unimodality in the distribution, which is the next topic of
discussion.

5.3 Mode of 7 (i, )

Since {7 (i, 7)} is unimodal, there exists £ > 0 such that for all j > 0,
w(i. ) < (i, k). 1)

It is in our interests to find exactly which values this k& could take for each fixed ¢ and
A. While the exact values could depend on A, we have found that they do not stray very far
from the expectation of the random variable found in (19).

11



Theorem 5.4. Fix \ € (%, 1) and i > 1. Suppose there is an integer k such that (21) holds.
Then k € {i —1,i}.

Note that, by the log-concavity of {m(i, )} and the resulting monotonicity of {%},

we have the following corollary:

Corollary 5.5.

Our proof of Theorem 5.4 will require a reinterpretation of = (i, j). First, allow us to
define the Gauss hypergeometric function as in [1]:

Definition 5.6. For each a, b and ¢, the Gauss hypergeometric function oF(a,b;c;2) is
the function mapping {z : |z| < 1} to C of the form

00 n L
o Fi(a,b;¢; 2) Z © —'
n=0 " )

where (m), = [[1—o(m + k) is the Pochhammer symbol.

Define z := (%) , and observe that z € (0,1). Then the following representation can
be formulated for ¢ > 1 and 5 > 0:

(i, 5) VE T (=R (D) 2R+ L1+ —is2), i<
T, = Zid . R . . .
W(z j) 2F1(1_jv ],1“‘2_],2)7 1> .

There are multiple ways of representing (7, j) with hypergeometric functions, particu-
larly using the Euler transformation

(22)

JFi(abiei2) = (1— 2) 5 Fi(e — a,c— b 2).

For the purposes of this proof, we shall use the representation in (22). In particular, we
wish to observe the following instances of 7 (i, 5):

(i, i+ 1) =i(1 —V2)*(Vz — 2) oFy (1 + 2,0+ 1;2; 2) (23)
w(i,i) = (1= V2)" oFy (i 4+ 1,451 2) (24)
m(iyi—1) = ZL o (2,1 —1i;2;2) (25)

(RSVAES
i(it—1) 2(14+/2)

2 (+vor
We recognize other transformations of the hypergeometric functions, in particular the fol-

lowing (incomplete) list of Gauss’ contiguous relations. A note on notation: F' = 5Fj(a,b; c; 2),
F(at) = 9Fi(a £ 1,b;¢; 2), and all other parameter changes use similar notation.

m(i,i—2) =

s oF1 (3 —14,2—14;3;2) (26)

12



2 Plat,brye4) = a(F(at) — F)

’ = b(F(b+)—F)
_ (c=b)F(b—)+ (b—c+az)F
1—=2

- dl_d(@—aﬂo—@F@+%+da+b—@F>

Using these contiguous relations, one can find the following equalities for every ¢ > 1:

1—2
F ) 2 ) 1‘2‘ F ) 2 ) 1]. F ) 1 ) 1 2
2 1(7' s b ) 72) (2Z 1) 2 l(Z s b 3 72) (2Z 1) 2 I(Z 5, 72) ( ‘)
2 1,0, %2 7 1, 4 2
2471 ) 3 Dy Z(l ) 22 1 ) 3 &

(=11 —2)+ (20 -3)2 o
o0y HB-i2-622)

(28)
Before moving on to the proof of Theorem 5.4, we need the following lemma:
Lemma 5.7.

1. For allt, ¢ >0,

o F (ifQ,iJfl;c; 2) < 1 | (29)

oF1 (i 4+ 1,0562) T (1= /2)?

2. For alli> 3 and c > 0,

oF1(3—1i,2—14;¢;2) > 1 (30)

oF1 (2 -4, 1—i5¢2) = (1+/2)%

Moreover, the left-hand side of each inequality converges to the right-hand side as i — oo.

Proof. The convergence to the right-hand side is a direct result of Theorem 2 of [14] on
the asymptotic estimates of the large-parameter Gauss hypergeometric functions seen as
solutions to given second-order recurrence relations, in particular on the (+ + 0) case. One
can check that the inequalities hold for ¢« = 1, and the inequalities for ¢ > 1 comes from the
monotonicity of the pointwise convergence. O

With (23)-(30), we can now prove Theorem 5.4.

Proof of Theorem 5.4. Since the log-concavity of m(i,j) gives us that { } is nonin-

creasing, it is enough to show that (l;g > 1and © ”JF)I) < 1. Using (23), (24), (27) and

(29), we have the following:

13



(i, +1) oF1 (142,04 1;2; 2)
m(i,i) ivz=2) oFy (i 41,4515 2)
_ i (I=2)(z—2)1(+2,i+L1L2) i Jz—=z
2i+1 z oFy (141,451 2) 2i+1 =z
< i (I1=2)(z-2) 1 i V=2
= 211 2 O-VzE 2011 =
R S ILENG
2i+1 2(1—+/2)?
L aE
20+ 12(1 - \/2)?
21
RS

Also with (25), (26), (28) and (30), we get

m(i,i—2)  i—1 oFy (3—1,2—1;3;2)
ri—1) 2 (\/E+Z>2F1(2—i,1—i;2;z)
i—1 (i —1)(1—2) + (20 — 3)22 oF1 (3 —14,2 —1;2;2)
- i(1+z)—2(\/;+z)_ 20i(1+2) — 2) (\/E+Z)QF1(2—i,1—i;2;z)
i—1 (i —1)(1 —2) + (20 — 3)2? 1
S ) V)T T ey VAN AaT
_ 2=+ ) +vzE) = (= 1)1 —2) + (20 — 3)2%) V=
2(i(1+2) = 2)(1 + /=)
_ 1_(2z'—4)(1—z)+(z'—3)\/z(1—z)+(2¢—3)z5/2
2(i(1 + 2) — 2)(1 + 1/2)
< 1L

]

We get a similar result as Theorem 5.4 for p(i, j), although we must account for the
generational intruder particle of the Galton-Watson process Z;.

Theorem 5.8. Fiz \ € (%, 1) and i > 1. Suppose there is an integer k such that p(i,j) <
p(i k) for all j > 0. Then k € {i,i+ 1}.

5.4 Upper bound for % for : <

While Theorem 5.4 provides a lower bound for % when ¢ < j, we now seek an upper
bound for the ratio. To achieve this, we continue our analysis of hypergeometric functions,
but now in the context of an existing result in the statistical study of contingency tables.
We define the noncentral hypergeometric distribution Hyper(M;, My, Ny, Ny, 0) with the fol-
lowing formula for max (0, M; — No) < 2 < min(Ny, M ):

14



N x
(%) ()
min(Ny,M7) N N. w’
Zu:ma)i((),]tﬁ—Nz) ( ul) (Mliu)e
where X ~ Hyper(M;, Mz, N1, N3, 0). While the noncentral hypergeometric distribution has

no direct application in our model, we utilize an upper bound for its expectation given in
line (5.2) in [21]:

P(X =x) =

B(X) < —c+ /A +40(1 — 0)i(i — 1)’
2(1—-0)
where ¢ := Ny + Ny — (N7 + M;)(1 — 0). Using this inequality, we have the following
lemma:
Lemma 5.9. Leti < j. Let X ~ Hyper(M; =i—1,M; = j, Ny =i,No = j— 1,0 = (52)).
Then E(X) < (1 =X —1).

(31)

Proof. By (31), B(X) < —tv 02+49(1_0)i(i_1), where c =i+j—1—(2i—1)(1 —0). Note that

>(2i—1)0,i—1<2(1— A)(;(—l_f)m) + @2 —1)(j—1andi<j—1So
0i(i—1) < 0G—1D((1=N)(2i—1)+@2x=1)(j — 1))
= 1-NG-D(2i—-1)0+(1— A)ZQAA; 1(j —1)?
< (1=N0F—Det+(1-0)(1 - —1)
Thus, 2 +40(1 —0)i(i —1) < A +41 =) (1 =N — De+4(1—0)2(1 =N 2(j —1)% =

(c+2(1 = 0)(1 = A)(j — 1)) Therefore, E(X) < =D < (1 3)(j—1). O

We use this lemma to get an upper bound for %)1) when 7 < j.

Lemma 5.10. =& L}\J— + 1 foralli < j.

m(4,5)
Proof.
rlig=1) | Db (0= V(L) s
m(i, ) s (= ML) AR A eh
i - i _ 2k
B 1 Z (h) (1Zki1) (Jj:k) (%)
= 5 (537
1 og-i 11 SR )T
P=Aj=1 =2 =T (50 (57
B 1 7—1 1 1
B 1—)\j—1+1—)\j—1E(X)
1 j—i
S ioago1th
where X ~ Hyper(M; =i —1,M, = j,N; =i,No = j — 1,0 = (152)). The last inequality
above comes from Lemma 14. O
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6 Proof of Lemmas

We now go on to prove Lemmas A-E, which will complete the proof of Theorem 1.1 through
Proposition 3.1.

6.1 Lemma A

Proof of Lemma A. Assume that h > 2 and k > 1, and let n = h — 2 and { = k — 1. Note
that w(k,h — 1 — k) can be interpreted as the probability that the walk leaves an arbitrary
site k times to the left before visiting it a total of h times, given that the site’s h'" visit
from the walk came from the left side. For each m € N, define K,, to be the number of
downcrossings from the site given m visits to the site. We can write K, = Y ;- J; such
that for each t, J, = 1 if the ' visit to the site is immediately followed by a downcrossing
and J; = 0 otherwise. For the persistent walk, it is clear that {.J;}2°, is a Markov chain
on the state space {0,1} with P(J; = 0|.J;-y = 0) = P(J; = 1]J;-; = 1) = 1 — X and
P(Jy =0]|Ji-1 = 1) = P(Jy = 1|J;—1 = 0) = A. It can also be shown easily that the {J;}:°,
is stationary with uniform stationary distribution yu = %
Using this new notation, we have the following:

7T(k‘lvh_l_k‘l):P([(n-i-l:k‘l|Jn+1:1):P([(n:€)

Thus,
> alk,h=1—k)=P(ln—2K,| > (n+2)">"). (32)
k:|h—2k|>h1/2+e

We now seek for an upper bound for the right-hand side of (32). To accomplish this, we
use a functional central limit theorem for Markov chains from [17]. Let f : {0,1} — R be
defined as f(z) = z. Then E.f := [, f(z)u(dzr) = s and E,f? = < oco. Also, since
{J:}$2, is a finite Markov chain, it is uniformly ergodic. Thus, by Theorem 9 in [17], we get

the following weak convergence as m — 0o:

1 & Kn—2
m(E;Jt—EHO :W2:>N(O,a]%),

where N (0, UJ%) is a normal distribution with mean 0 and variance 0]% > 0. Using this central

limit theorem, we can show that, for any v < 1/2, E (exp{y (2K, — m)’ /m}) converges as
m — o0o. Hence,
sup E (exp{v (2K,, — m)? /m}) < oo.

Using (32) and Markov’s inequality, we finally arrive at our result.

6.2 Overshooting Lemma

Before proving the remaining four lemmas, we first want to establish a rather important
result in the study of favorite sites of the simple walk for the case of the persistent walk.
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It was shown in [30] that the probabilities of the Markov chains Y; and Z; going past a

threshold point by a given amount, conditioned on the processes reaching the threshold for

the first time at this instant, is comparable to the probability that the Markov chain achieves

the same amount of overshoot conditioned on the threshold being reached on the very first

step. This allows one to find simple asymptotic bounds for the conditional moments of Y;

and Z;, essential for the application of optional stopping theorems in the proofs ahead.
Here, we obtain the analogous result for the persistent case.

Lemma 6.1 (Overshooting Lemma). For any 0 < k < h < u the following overshoot bounds
hold:

o h
P(Yy, > ulYy = k,0p < 00) < P(Y1 > ulYy = h, Y1 > h) —%
w=h )

< oh
P(Z., >u|lZy=k) < P(Z, > u|lZy = h, Z, > h) = %%¥%#%
w=h ’

Proof. For 1 < h < u,

>

-1 00
2oy (1, 0)
P(Y,, >ulYy =k, o0 <0)= PY,, 1 =1lYo =k, op < o0)S==L—+,
" — 4 Yoen (1 w)

> e P )
> =k)= = — k) o=ul\D 7)o
P(ZTh = U|ZO k’) Z P(Z’Th—l l|Z() k?) quo:h p(l’w)

Note that if the ratios of the right-hand side are bounded above by the case in which [ = h,
we’d get our desired inequalities, since the probabilities of the right-hand side partition their
respective conditioned event. It is then enough to show that the ratios on the right-hand
side are increasing in /.

Observe the following relations for 7 (1, v):

>
—_

o

n(l,v)r(l+1L,v+1) =7+ 1L,v)r(l,v+ 1) =x(l,v) - (7(1,-) *w(l,-))(v+ 1)
—m(l,v+1) - (x(1,-) 7 (l,-))(v)
= (1= N7(l,v)7 lu+¢-+§:V Y (v +1 = j)w(l,v)

—(L—Mﬂhwﬂhw+n—E:Vu—wy*ﬂhv—ﬁw@v+n

ZVO—M”UO)UW

+§:V (n(l,v+1—5)a(l,0) —x(l,v—j)x(l,v+1))

The terms in the sum of the last line are nonnegative, by the log-concavity of m(l,-).
Thus w(I+1,v) m(l+1, v+1) p(l+1,v) p(l+1,0+1)
’ wﬁl,v) —  w(l,v+1) p(lw) —  p(lu+l)
So, for all v < w,

Similarly, 2

m(l,v)r(l+ 1,w) > 7(l+ 1,v)7(l, w)
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ol w)p(l+ 1,w) > p(l + 1, v)p(l, w)
Hence, for all 0 <1 < h < u,

Zw(l,v)z I+ 1,w) Zwl—l—lv Zﬂ(l,w),
v=h w=u v=h w=u
plv Zpl+1w >Zpl+1v Zplw
/ h
Thus, {M} is an increasing sequence, and so is {w} . This
Z ( ’U) Zv:h p(l,v) =0
completes the proof. O

Using the Overshooting Lemma, we obtain the following set of inequalities:

Corollary 6.2. There exist constants Cy, Cy, C3 and Cy such that for any 0 < k < h,

> h
E (Yo, |Yo =k on < 00) < % < h+ CihY? (33)
w=h )
< 7(h,v)v?
E (Y Yo =k o <00) < %ooh 75(,1 BU) < W2+ Cyh®? (34)
w=h ’
> h
E (Z'Th|ZO = k) < % < h + Cgh1/2 (35)
w=h )
E(Z;1Z0=F) < %;’L £ ;( h% < 1%+ Oy (36)
w=h )

6.3 Lemma B
To begin the proof of Lemma B, we start with an application of Corollary 6.2.

Sublemma 6.3. There exists a constant C' < oo such that for any h > 1 and k > 0,
E(on, ANw|Yy = k) < Ch?.
Proof. Let F; be the sigma algebra generated by the set {Y;}._,. Then

t
A S s R I

s=0
since Var((1,;) = 2552 for any i. So V2 — 2132 S OY is a martingale. Thus, by the
Optional Stopping Theorem, using stopping tlme on A w, we have

1—A
A

=0,

| ) VW(YZH‘]'—:&)

1- )\ op\w—1
2 2
K =E (YUW 2—— vy
s=0
since Yy > 1 for s < w w.p.1. Therefore,
2E (0, Aw|Yy = k) < E(Y2|Yy = k,04 < 00)P(0y, < 00|Yy = k) — k* < Cah?,
by (34) of Corollary 6.2. This completes the proof. ]

Yo = k:) < E(Y2|Yy=k) —2E(o, Aw|Yy = k),

18



We state the following inequality on the tail probabilities of sums of i.i.d. random vari-
ables, which is proven in [34].

Sublemma 6.4 (Exponential Kolmogorov Inequality). Let &;, j > 1, be i.i.d. random
variables with E (€9|£j\) < oo for some § > 0 and E({;) = 0. Then for any N > 0 and

n €N,
J
3| > ) < () £ ()
i=1

P | max
1<j<n

Let £ = (; — 1, where P((; = ) = { 1\2_(1)\_ N g i i (1) . Then, for any ¢,

)\2
1 —(1—=X)et
(1= A)et —1+2)
1—(1—X)et
2et—e 2 —2(1 =N+ (1=Net+e 2 —2t+1
1 —(1—=X)et
e 2 —2et+1
1—(1—=MNet

E(e®) = (1-Ne '+

— 26—t _€—2t+

Note that for fixed ¢, the formula in the final line decreases with an increase in A, so for
A€ [3,1), E(e™") is maximized at A = 1, which is the simple walk case. So, by [30], assuming
that A € [1,1), there is a constant f, > 0 such that for all § € [0,6,), E(e?) < e’ and
E(e %) < ¢ Using the Exponential Kolmogorov Inequality and choosing § = N/(4n),
we obtain the following:

Sublemma 6.5. There is a constant such that for any N > 0 and n € N satisfying N/(4n) <
00;
J

S G-

i=1

P (19?2% > N) < 2exp(—N?/(8n)).

Proof of Lemma B. We prove the first inequality here in detail. The proof of the second
inequality is similar and is left for the reader. Choose 0 < v < 1—16.

P(My, > hY**€)Yy = k) <P(M), > h'/**< 03, Aw < hZexp(vh*)|Yy = k)
+ P(on, Aw > h? exp(vh*)|Yy = k)

For the first term on the right-hand side, we represent the Markov chain Y; as the sum
of i.i.d. random variables,

Y:
Y;H = E Ct+1,j7
J=1
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in order to obtain the following:

P(M,, > hY**¢ oy Aw < h? exp(vyh*)
<P (max { max
1<j<h | &

=1- (1 - P (max
1<j<h

< h? exp(yh*)P <max

J

> (G- 1)

1<t<h? eXp(7h2E)} > hl/%e)

B2 exp(1h%)
> h1/2+e>)
> h1/2+5) ]

Note that the last inequality above comes from the analytical fact that 1 —na < (1 —a)”
for 0 <a <1andn > 1. From Sublemma 6.5, we get

J

> (G- 1)

=1

J

> (Gi—1)

1<j<h
=I= =1

J

> (Gi—1)

=1

1/2+¢ | 12
P (111132%1 > h ) < 2exp(—h=/8).

L there is a constant C' > 0 such that

Hence, with v < 4,

1
P(M,, > RY2F o A w < 2 exp(’yh%) < 2h%exp ((’y — g) hze) < Cexp(—'yh2€).

For the second term, we have from Sublemma 6.3 that there is a constant C' such that
E(o, Aw)|Yy = k) < Ch®.
We get the following inequality after applying Markov’s inequality:
P(oy Aw > h? exp(vh*)|Yy = k) < Cexp(—yh™).

Since both terms are bounded above by scalar multiples of exp(—vh?®), the result follows. [J

6.4 Lemma C

In order to prove Lemma C, we need the following sublemma:

h—h1l/2+e h+h1/2+e
2 ’ 2 ’

Sublemma 6.6. There ezists a constant C' s.t. for any h > 1 and { € [

w(l,h — )
ZmZh—Zﬂ-<€’ m)

Proof. We make use of the inequalities found in Corollary 5.5. We shall split this proof

into two cases. First, assume ¢ € [%, h+h;/2+€]. Then ¢ > h — (. Let {(}i_, be a set of

< Ch~/2te
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i.i.d. random variables with the same distribution as in (9). Recall that E((;) = 1 and
Var((y) = 2452, Let 02 = Var(X), and let ® be the standard normal cdf. Then

l
w(l,h—10) < W(€,€—1)2P<2Ck:€—l>
k=1
= tgrlrl_P<Z<kSE—1>—P<Z<kse—t)
_ hmp<zi1<ck—1> L1 ) _P<Zf;1<<k—1> ot >

t—1— éo‘ % \/ZO' ﬁ
. 1 t Ch

< limd(— | -0 (—— )+ 2

< () -0 (55) 0
C

Vi

The last inequality above comes from the Berry-Esseen inequality. By the central limit
theorem applied to {¢x}72;, im0 Y, 5, m(¢,m) = §. So there is a constant C > 0 s.t.

> we,m) =D w(t,m) > Cy.

m>h—¢ m>/

By these inequalities, we have our result for £ € [%, h+h;/ 2“] _

h—hl/2+e h

2 2
¢ <h—{ Let k= |h—{+h'?>|. Then we get the following inequalities, which will be
described in more detail below:

We now continue with the ¢ € } case for the proof of the lemma. Note that

w(l,h —0) B m(l h— 1)
ZmZh—Eﬂ—(& m) < (k-h+f+D) (k)
-1 W(é, k — 1) k—htt
< (k—htl+1) (W)

1—Ak—-1

1 h1/2+e 4 h1/2—e
1 —Xh/2+ hl/?c — 1)

1 . k—h+¢
< (k=h+e+1)7! (1+—u)

hl/2—¢

IA

h—1/2+e (1 +

1—A

2
< _ h71/2+€.
< exp (1 2 A)

The first inequality comes from Corollary 5.5. The second comes from the log-concavity
of {m(¢,5)}. The third is Lemma 5.10. The fourth used k < h — £ + h'/>=¢ and ¢ >

Rl/2—€
< h71/2+6 (1 + 2 h1/2+€)
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(h — RY/2%€)/2. The fifth is due to the convergence of the base of the exponent above, as
well as the monotonicity of that convergence. The final inequality relies on the exponential

convergence of the power, as well as the monotonicity of that convergence.
O

Proof of Lemma C. We provide details of the proof of the first inequality and leave the
similar details of the second inequality for the reader. First, observe that

P54 < 00,Y5, = h|Yy = k)

[o¢]
= P(Gy < 00,Ys,_1 =L,Y5, =h— Yy =k)
(=0
We split the infinite sum above into two sums, one for values of ¢ inside the interval
h—hl/2+e h+h1/2+€
2 0 2
we use Sublemma 6.6 to obtain

and the other for values of ¢ outside the interval. For the first sum,

Y P(Gh <00, Ys 1 =0Y5, =h— LYy =k)
0:|h—2¢|<h1/2te
w(l,h — 1)
Zrono:h—z 7T(€7 m)

= Y PGy <00,Ys1 =Yy =k)
£:|h—2€|<h1/2+e
< Ch_l/2+5.

For the second sum, we use Lemma B to obtain

Y PGy <00, Ys, 1 =LY5, =h— LYy =k)
£:|h—2¢|>h1/2+e

P(M, > hY* Yy = k) < C exp(—~h*).

Therefore, we arrive at the result. O

6.5 Lemma D

For Lemma D, we require the following sublemma based on Corollary 6.2:

Sublemma 6.7. There exists a constant C' < oo such that for any 0 < k < h,
h—k
P(o), = o0|Yy = k) < —+ Ch™1/2,
Proof. Let JF; be the sigma algebra generated by the set {Y}._,. Then

E(Yt+1‘}—t> = E(Y;H’Y;t) =1-Y,

since E((41,) = 1 for any i. So Y} is a martingale. Thus, by the Optional Stopping Theorem,
using stopping time o, A w, we have

k= FE(YynolYo = k) = E(Y,,|Yy = k,0, < 00)P(0), < o0|Yy = k) < (h+C 1Y) P(0, < 00|V =0 = k),
by (33) of Corollary 6.2. This completes the proof. ]
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Proof of Lemma D. Note that by Sublemma 6.7 and Lemma B, we get for two constants (7,
027

P(G}, = oo|Yy = k) <P(G), = oo, M), < hY?* €)Yy = k) + P(M;, > hY* |V, = k)
< P(0gyipiszreyp = 00|Yy = k) + P(My > h'?H|Yy = k)
< Ch V2 4+ 0, exp(—yh*)

h_h1/2+e h+h1/2+e
2 0 2 : 0

for values of k£ €

6.6 Lemma E

In order to prove Lemma E, we first need upper bounds for the moments of 7,.

Sublemma 6.8. There exists a constant C' < oo such that for any 0 < k < h,
E(mh|Zo = k) < (h — k) + CRY2,
Proof. Let G, be the sigma algebra generated by the set {Z;}._,. Then
E(Zyy — (t+1)|G) = E(Zi1|Zy) — (t+1) = Z, — t,

since E((f,,,;) = 1 for any i. So Z; —t is a martingale. Thus, by the Optional Stopping
Theorem, using stopping time 7,, we have

E(t|Zy = k) = BE(Z,,|Zo = k) — k < h — k + C3h!/?,
by (35) of Corollary 6.2. This completes the proof. O
Sublemma 6.9. There exists a constant C' < oo such that for any 0 < k < h,
E(17|Zy = k) < Ch®.
Proof. Let G, be the sigma algebra generated by the set {Z,}._,. Then
E((t+1)*=2(t+1)Z,41|G;) = (t+1)*=2(t+1) =2t Z,— 27, = t* 2t Z,+ (1-27,) < t* -2t Z,,

since Z, > 1 for any t. So t? — 2tZ, is a supermartingale. Thus, by the Optional Stopping
Theorem, using stopping time 7, as well as the Cauchy-Schwarz Inequality, we have

(|70 = ) < 2B(n 20| Z0 = k) < 2/ E(71 20 = k) [ E(22| 20 = k).
Therefore, by (36) of Corollary 6.2,
E(1i|Zy = k) < ABE(Z2 | Zy = k) < AC4h*.

Proof of Lemma E.
E(’Fh‘ZO - k) - E(;h]I(NhShl/2+€) ZO - kf)

Note that 7,1y, <p1/2tey < Tpyntszteyp and 7, < 7, w.p.1. Thus, with the Cauchy-Schwarz
Inequality, we get

Zo = k‘) + E(;hH(Nh>h1/2+f)

E("Fh|ZO = k’) S E(T(h+h1/2+€)/2|ZO = k) + \/E(T]ﬂZO = k’)\/P(Nh > h1/2+6|ZO = k‘)

Through Lemma B and Sublemmas 6.8 and 6.9, we arrive at the result. [
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7 Future Work

In [5], it was shown that for the simple random walk, the typical favorite site is transient.
This immediately implied that f(1) = f(2) = oo almost surely, for f(r) defined in (2), and
the fact was also used to prove that f(3) = oo almost surely as well in [9]. The transience
of the favorite sites is a property we would also desire for the persistent random walk,
particularly in examining the cases of f(r) for r = 2,3. We conjecture that the favorite
sites of the persistent walk exhibit the same transience, based on our observations on the
distribution of local times. However, this conjecture does not easily extend from the simple
walk case in [5], as the result relies on the strong invariance principle of the local times
between simple walks and Brownian motion. As no such strong invariance exists for the
local times of directionally-reinforced random walks, a different approach is necessary for
the case of the persistent walk.
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